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ABSTRACT
Inferring information related to users enables to highly improve
the quality of many mobile services. For example, knowing the
demographic characteristics of a user allows a service to display
more accurate information. According to the literature, various
works present models to detect them but, to the best of our knowl-
edge, no one is based on the use of the spatio-temporal entropy
and introduces Generalized Additive models (GAMs) in this con-
text to reach this goal. In this preliminary work, we present a new
approach including these two key elements. The spatio-temporal
entropy enables to capture the regularity of the mobility behavior
of a user, while GAMs help to predict her demographic data based
on several co-variables including the spatio-temporal entropy. The
preliminary results are very encouraging to do future work since
we obtain a prediction accuracy of 87% about the prediction of the
working profile of users.
KEYWORDS
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1 INTRODUCTION
In recent years, discovering demographic characteristics of users
has caught attention of the research community and companies. Ex-
isting services can indeed highly improve the quality of the services
by displaying accurate information to the users. However, these
services do not always know the characteristics of users and need
to infer them by exploring other related information. A first work
demonstrates that it is possible to guess attributes of users based on
their social network, by analyzing friends and communities more
specifically [3]. In a second work [6], Ying et al. propose a model,
called Multi-Level Classification Model, that combines several classi-
fication models in order to infer demographic user attributes. The
global model takes 45 features into account that describe a user
behavior. Then, it has been shown that communication records
are also very interesting and powerful to detect demographic data
about users [1]. Fourthly, Zhong et al. [7] prove that exploring
location check-ins gives a lot of information about user profiles.
Finally, the authors of [5] create a technique helping to find demo-
graphic data of users by analyzing AP-trajectories. These last two
papers highlight the importance of user’s movements. However,
they do not explore the characteristics of her movements from a
spatio-temporal entropy perspective. This latter can reveal crucial
information, such as the regularity as well as the spatio-temporal
uncertainty of the user’s movements. Song et al. already proved that
the entropy is a good measure to assess the level of predictability
of a user as indicated in [4]. We assume that the spatio-temporal
entropy can also help to discover demographic data of a user be-
cause the entropy evolution of users having the same demographic
characteristic may be similar. In this work and to the best of our
knowledge, we present a novel approach to discover demographic
data of users based on their spatio-temporal entropy and General-
ized Additive Models (GAMs). The strength of a GAM is that this
model is not only helpful to provide predicted values but also to
give a good understanding of the influence of the co-variables used
on the response variable. GAM also provides a framework allowing
formal inference, that is, formal significance testing of the covari-
ates. Finally, as a flexible extension of the standard Generalized
Linear Models (GLMs), the influence of the covariates is not con-
strained to have parametric forms. If we take the following simple
example, a GAM can highlight that a high entropy is more linked
with an age-group of young users. Consequently, if the GAM input
is an high entropy value, the predicted age value may represent
a young user with a certain uncertainty provided by confidence
interval. Moreover, we show preliminary results obtained with real
mobility traces from two datasets containing real mobility traces
including raw locations captured via GPS, WPS and radio cells.
Finally, we conclude with the main preliminary finding and the
most promising lines of our future work.
2 APPROACH
We present our approach to solve the discovery of demographic
data of users in three steps: computing the spatio-temporal entropy
sequence of a user, building GAMs and evaluating the predicted
values from the fitted GAMs.
2.1 Computing spatio-temporal entropy
sequence
In order to compute the spatio-temporal entropy sequence of a user
based on her location history, we firstly need to create a spatial
grid to discretize the space in which the user is moving. The space
is divided into a 2-dimensional plane in which the position of each
cell in this grid is described as a pair (i, j). We also note n andm
the numbers of cells along the x-axis and along the y-axis respec-
tively. We divide the time duration of the location history of the
user into T time slices having the same period of time, e.g., 86400
seconds (one day). Then, we compute the time proportion pti, j for
each visited cell of the grid by the user, where t is a specific time
slice. Finally, the entropy computation of a specific time slice is
detailed in Equation 1. This latter indicates that the entropy is a
percentage ranged between 0% and 100%. At the end of this process,
we must obtain a sequence ofT entropies containing the movement
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Figure 1: Evolution of the spatio-temporal entropy per day
rhythm of the user as described in Figure 1 (a) obtained with a very
rich private dataset of an individual.
entropyt = −
n∑
i=1
m∑
j=1
pti, j log p
t
i, j
log n ×m × 100.0 (1)
2.2 Creating Generalized Additive Models
(GAMs)
In order to infer a demographic variable (e.g., gender, age group
or working profile), we must fit a GAM for each demographic vari-
able. Each GAM is trained with multiple user datasets from which
we know the value of the demographic variable we want to infer
but also their spatio-temporal entropy sequence as well as other
co-variables interesting to add to improve the quality of the pre-
dictions. All the co-variables must have a value for each time slice
analyzed, which can be the same in the case of the age group vari-
able or different if it is the entropy. We can select different types of
co-variables, such as spatial co-variables (e.g., maximum distance
travelled during one day) as well as temporal co-variables (e.g., day
number of the week).
2.3 Evaluating the performance of the GAM
In order to assess the accuracy of the prediction of the demographic
variable of a sample of test users, we train the GAM corresponding
to a demographic variable with 90% of the users of a dataset. Then,
we use the values of each new user of the 10% of the remaining
users to do the prediction process and compare the predicted value
with the real demographic variable of the user.
Table 1: Demographic variable prediction accuracy results
Demo. variable Pred. accuracy Description of groups
Gender 60% Female/Male
Age group 73% <22 / >=22 & <33 / >=33 years old
Working profile 87% Full time/Part time/Other working profiles
3 PRELIMINARY RESULTS
In order to obtain preliminary results, we use a dataset called Mo-
bile Data Challenge (MDC) Dataset presented in [2]. Regarding
the demographic data discovery, we select all users who indicate
information about the three following demographic variables: gen-
der, age group and working profile, i.e., 153 users in total. Table 1
describe the prediction accuracy results obtained for the three de-
mographic variables. Interestingly and somehow not surprisingly,
it is easier to predict the age group variable and the working profile
than the gender of a user.
4 CONCLUSION AND FUTUREWORK
We presented an approach to discover demographic characteristics
of users. The main finding is that entropy seems a good measure to
be used through flexible GAM fitting to discriminate demographic
characteristics. Regarding the future work, we will firstly analyze
the impact of the addition of other types of co-variables on the
demographic data discovery, such as climatic variables (e.g., tem-
perature of the day), communication variables (e.g., number of calls
of the day) and probably much more. Then, we will compare the
demographic accuracy results obtained with GAMs with other mod-
els, such as classifiers. Finally, we will use very rich user datasets, in
terms of location frequency and precision, in order to deeper study
user entropy rhythms and do more evaluations about demographic
profiles at a fine grained level, e.g., at a hourly basis.
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